Abstract During deep penetration laser welding, there exist plume (weak plasma) and spatters, which are the results of weld material ejection due to strong laser heating. The characteristics of plume and spatters are related to welding stability and quality. Characteristics of metallic plume and spatters were investigated during high-power disk laser bead-on-plate welding of Type 304 austenitic stainless steel plates at a continuous wave laser power of 10 kW. An ultraviolet and visible sensitive high-speed camera was used to capture the metallic plume and spatter images. Plume area, laser beam path through the plume, swing angle, distance between laser beam focus and plume image centroid, abscissa of plume centroid and spatter numbers are defined as eigenvalues, and the weld bead width was used as a characteristic parameter that reflected welding stability. Welding status was distinguished by SVM (support vector machine) after data normalization and characteristic analysis. Also, PCA (principal components analysis) feature extraction was used to reduce the dimensions of feature space, and PSO (particle swarm optimization) was used to optimize the parameters of SVM. Finally a classification model based on SVM was established to estimate the weld bead width and welding stability. Experimental results show that the established algorithm based on SVM could effectively distinguish the variation of weld bead width, thus providing an experimental example of monitoring high-power disk laser welding quality.
Introduction
High-power disk laser welding has been widely used for its advantages such as high-power density, highspeed welding, deep width ratio and small heat affected zone [1−3] . Researching the relationship between sensor signals and welding quality is important for monitoring and controlling the welding process [4−6] . The spectral distribution of vapor during laser welding could be obtained by a high speed camera [7] . The photoelectric signal method was applied to analyze the characteristics of metallic plume and the change of weld bead in the welding process [8] . In the study of spatter during highpower laser welding, the main work concentrated on the metallographic organization, spatter eruption, spatter speed and path [9, 10] . The hue-saturation-intensity method was used to analyze the statistical characteristics and autocorrelation of the metallic plume [11] . During high-power disk laser welding, metallic plume (a kind of weak plasma) and spatters can reflect the welding status with abundant features, and it is difficult for a common video camera to capture sufficiently detailed information. Here, a high-speed camera was used to capture metallic plume and spatter dynamic images. The support vector machine (SVM) was used to analyze metallic plume and spatter characteristics. A welding state identification algorithm was established, which provided an experimental basis for the real-time monitoring of high-power disk laser welding.
Experimental setup
The experimental system consisted of TruDisk-10003 disk laser welding equipment (laser power 10 kW), a Motorman 6-axis robot and a welding experimental platform, shielding gas (argon), motor servo and fixing devices. The wavelength of the laser was 1030 nm, and the welding speed was 4.5 m/min. The specimen used for bead-on-plate welding was austenitic stainless steel 304 plates with dimensional size of 150×100×10 mm 3 . Image recordings were carried out at 2000 frames/s by a 512×512 pixels high speed video camera. The experiment schematic drawing is shown in Fig. 1 . shows an original image of metallic plume and spatters. The image was transferred into a grayscale image, and median filtering was used to eliminate the image noises, as shown in Fig. 2(b) . The Otsu method was used for binary of the transformed image, as shown in Fig. 2(c) . It was found that the morphology of the metallic plume was the same as the original one when the Otsu threshold was applied to the image that only contained metallic plume, which was obtained by deleting the spatters in Fig. 2(d) . The image that only contained the spatters is shown in Fig. 2(e) . 
Definition of characteristic parameters
The plume area (ar) was obtained by calculating the number of pixels with grayscale value 1 in a binary plume image. When the parameters of metallic plume were calculated, the region of interest (ROI) which mainly contained the metallic plume image was processed. Therefore, the required accuracy in parameter calculation could be ensured. Calculating the connected region numbers in a binary spatter image could give the spatter numbers (num), which could reflect the violence of the spatters. The laser beam path (H) through the plume was calculated by scanning laser beam column corresponding pixel points. Metallic plume centroid x was calculated from Eq. (1), which could reflect the position of the densest area of plume and its horizontal direction motions during high-power disk laser welding.
where i, j are the row and column numbers, respectively, n is the total numbers of rows, m is the total numbers of columns, g(i, j) stands for the gray level values of a pixel. The characteristic parameters of plume are shown in Fig. 3 , where (x 0 , y 0 ) is the coordinate of the welding point. Eq. (2) gives the distance S between the metallic plume centroid and the welding point, which could reflect the height of the densest area of plume and the welding stability. Eq. (3) shows the calculation formula of the tilt angle θ of the metallic plume. The angle θ means the swing extent of metallic plume, which influences the energy absorption of the weldment. The welded specimen is shown in Fig. 4 . Areas A and C with stable welding bead width were the parts of good welding quality. Area B with narrow welding bead width was a poor welding quality part. The whole welded bead corresponded to No. 461-2400 captured images. Values of characteristic parameters of the metallic plume and spatters are shown in Fig. 5 . 
Support vector machine
A Support Vector Machine (SVM) has the advantage of giving a model good generalizability through small sample learning, which is based on statistical learning theory and structural risk minimization. The kernel function is used and the calculation process is independent of the sample dimension. Sample data are given as
The SVM decision function can be described as [12] f (x) = sgn(
where k(x i , x j )is the kernel function, using the Gaussian radial basis function (RBF) as the kernel function.
Data preprocessing
In order to eliminate the differential data and relieve interference of unstable data, it is necessary to make characteristics normalized to each variable. A total of 1960 samples were processed. Table 1 lists the ten samples of raw data. Suppose the data number is N , the i th characteristic of p th sample can be described as
where min (x i ) is the minimum of i th characteristic, and max (x i ) is the maximum. Ten samples of normalized data are shown in Table 2 . PCA (Principal Components Analysis) feature extraction can reduce the dimensions of the feature space, and retain the identification information. Here, the PCA method was used to reduce the dimension of data. The experimental result is shown in Table 3 . 
Particle swarm optimization
Particle Swarm Optimization (PSO) was used to optimize the parameters of SVM. The algorithm searches for optimization with a group of particles in the higher dimensional space, and each particle could be found by iterative optimal for individual and group optimal particle location [13−15] . Suppose u i = (u i1 , u i2 , · · · , u im ) stands for the particle position vector,
is the best position for particle first experienced, and
is the velocity vector for each particle. All particles in the population have experienced the best location for
, the speed and position update formula of particle i is as follows.
where, k is the number of iterations, r 1 and r 2 are random numbers between changes [0, 1]. Parameter c 1 and c 2 are acceleration factors. Each iteration step length is adjusted, and w is the inertia weight.
To achieve the goal of optimization with the increase of the number of iterations, a linear gradient is described as follows.
where w max , w min are the maximum and minimum value of the inertia weight, respectively.
Support vector classification experiment
Based on the statistical analysis of the weld bead width, the mean, variance, maximum and minimum of the three regions A, B and C were calculated, as shown in Table 4 . The whole weld bead corresponded to No. 461-2400 images. A total of 1960 images were analyzed. The No. 1101-1400 images, totalling 300 images, corresponded to poor welding quality, and the rest of the images corresponded to good welding quality.
Data categories were divided into two kinds, in which the good welding quality was marked as 1, and the bad quality was marked as 0. (9) The SVM model was established by using the best parameters C and G. When the predicted value and actual value are the same, the judging result is correct. According to Eq. (9), classification accuracy of the training set was 91.62%, and the classification accuracy of the test set was 93.3%, as shown in Fig. 6(a) and (b). The welding quality was judged to be good when the output value was 1, and the output 0 discriminated poor welding quality. The welding quality of classification accuracy is shown in Table 5 . 
Conclusion
Metallic plume and spatters during high-power disk laser welding were related to the welding quality. The welding status could be monitored by analyzing the plume and spatter characteristics. Image processing methods such as median filtering, Wiener filtering and gray threshold segmentation could be applied to process the metallic plume and spatter images captured by a high speed camera. By normalization of characteristics, PCA dimension reduction, and PSO parameter optimization of support vector machine parameters, the relationship between the characteristics of metallic plume and spatters and the welding status could be established. The experimental results showed that the proposed algorithm could achieve high classification accuracy and effectively evaluate the quality of the welding process. The purpose of using a high speed camera is to capture and analyze the instantaneous plume and spatter characteristics and to establish an accurate prediction model for welding status. The model can be optimized and the image sampling rate can be reduced in the next stage of research. Also, considering the increase of computer speed, it will be possible to monitor the welding status in real time.
